RESEARCH
I mprovement in adaptation to high plant density has been a major factor in observed improvement in grain yield in maize (Brekke et al., 2011a; Duvick, 2005; Russell, 1974 Russell, , 1984 Russell, , 1986 Russell, , 1991 . A comparative study of commercial hybrids introduced from 1930 to 2001 showed an average increase in grain yield of 0.09 Mg ha -1 yr -1 (based on year of introduction of the hybrid) when hybrids were compared at 7.9 plants m -2 versus an average increase of only 0.014 Mg ha -1 yr -1 when hybrids were compared at 1.0 plants m -2 (Duvick, 2005) . Numerous authors have examined the effect of plant density on relative differences among hybrids and other types of maize cultivars (Bavec and Bavec, 2002; Brekke et al., 2011a Brekke et al., , 2011b Carena and Cross, 2003; Carlone and Russell, 1987; Duvick, 2005; Duvick et al., 2004; Gonzalo et al., 2010; Russell, 1974 Russell, , 1984 Russell, , 1986 Russell, , 1991 Sangoi et al., 2002; Seka and Cross, 1995; Singh et al., 2011; Tollenaar, 1992; Widdicombe and Thelen, 2002) . However, in few of the cited papers have environmental effects and genotype ´ environment interactions (G ´ E) for density response been addressed in great detail. Russell (1974) compared varieties representing production eras from 1930 to the 1960s in four locations in 1971, 1972, and 1973 at three plant densities providing an excellent opportunity to evaluate the G ´ E interaction with plant density. Analysis of variance showed highly significant variety ´ environment ´ density interaction, but there is no indication of the importance
Genotype ´ Environment Interaction for Plant
Density Response in Maize (Zea mays L.)
Jode W. Edwards*
ABSTRACT
Increased adaptation to high plant density has been an important factor in improvements in grain yield in maize (Zea mays L.). Despite extensive public literature on variation and improvement in plant density response among maize varieties, much less public information is available on effects of environment and genotype ´ environment interactions (G ´ E) on plant density response for grain yield in maize. The present study was conducted to quantify environment effects and G ´ E effects on plant density response for maize grain yield. A set of 57 synthetic populations, synthetic ´ inbred line crosses, and synthetic ´ synthetic population crosses were evaluated across a five year period including 17 individual location-years. The data in this study were an unbalanced combination of multiple experiments that included 370 pedigree-environment combinations with each containing at least four planting densities and two replications per environment in most cases. G ´ E accounted for 26% of total genetic variance (genetic variance plus G ´ E variance) in linear regression coefficients and 39% of variance in quadratic regression coefficients in the regression of grain yield on observed plant density. Variance in G ´ E for linear and quadratic regression coefficients resulted in variation in optimal densities among varieties being highly specific to individual environments. Average plant density responses varied widely among environments with average optimal plant densities ranging from 5.6 to 9.1 plants m -2 .
of environment ´ density interaction. It is not clear if the component was ignored or not included in the model. If not included in the model, variation in environment effects would be included in the interaction term thus biasing the significance of the G ´ E ´ density interaction. Singh et al. (2011) evaluated 128 inbred-line topcrosses at three locations for four years with three planting densities at each location in the last two years of the study providing another study with potential to evaluate G ´ E ´ density interaction. However, Singh et al. (2011) treated each density-environment combination as a separate environment and analyzed the data with an additive main effects-multiplicative interactions (AMMI) model. The AMMI analysis does not directly contain any estimator of G ´ E ´ density interaction, and thus based on information presented in Singh et al. (2011) , it was not possible to directly discern the relative contribution of plant density to G ´ E. In a plot of principal components from the AMMI analysis, it was somewhat revealing that all high-density environments were aligned nearly on a straight line except for one environment, and all low-density environments formed a tight cluster on one side of the plot, suggesting that at the level of environmental effects, plant density did have some consistent effects across environments. Brekke et al. (2011a Brekke et al. ( , 2011b ) evaluated five synthetic populations across four plant densities in four locations for two years and did not find signification G ´ E ´ density interactions. Studies by Singh et al. (2011 ), Russell (1974 , and Brekke et al. (2011a Brekke et al. ( , 2011b were exceptional among publicly available plant density studies in that they contained relatively large three-way factorial combinations of genotypes, environments, and plant densities and evaluated the factorial combination in some detail. However, none of the three studies provided convincing evidence that G ´ E exist for plant density response for maize grain yield. Several other studies included factorial combinations of genotypes, environments, and densities and did not fully analyze the factorial structure or simply did not find significant interactions between densities and environments or among G ´ E ´ density (Carena and Cross, 2003; Carlone and Russell, 1987; Cox and Cherney, 2012; Gonzalo et al., 2010; Hernández et al., 2014; Mansfield and Mumm, 2013; Porter et al., 2013; Sangoi et al., 2002; Tollenaar, 1992; Widdicombe and Thelen, 2002) . At least one other author stated that significant G ´ E ´ density interaction was found, but provided no additional detail (Bavec and Bavec, 2002) . Reeves and Cox (2013) documented an interaction in which two hybrids displayed exactly the same density response in one location but different responses in a second location. Analysis of G ´ E for plant density response was not a primary objective of any of the studies. Furthermore, most studies had a limited number of genotypes and environments, which could impact statistical power to detect interactions. Given the combination of lack of reporting and lack of detection, there is little information in public literature on the importance of G ´ E for plant density response. In a few previous reports, plant density was treated as a continuous covariate in which response of grain yield to plant density was a negative quadratic relationship with an attempt made in all studies to include densities above and below the density corresponding to maximum grain yield (Brekke et al., 2011a (Brekke et al., , 2011b Russell, 1974; Sangoi et al., 2002) . These past studies have described how quadratic density responses vary among genotypes in great detail but have not provided information on how the quadratic density responses vary among environments or how quadratic density responses vary among specific combinations of genotype and environment. The objective of the present study was to provide a more comprehensive test of whether substantial variation exists in plant density response curves among environments and the extent to which the G ´ E affects plant density response curves in a set of synthetic populations and population crosses representing differing levels of plant density adaptation.
MATERIALS AND METHODS

Experimental Treatments
The present study included 57 pedigrees evaluated in densityresponse experiments conducted from 2008 through 2012 (Tables 1 and 2 ). Most pedigrees were synthetic maize populations and their crosses, developed by long term recurrent selection programs in the cooperative federal-state maize breeding program in Ames, IA (Table 3 ). All synthetics were years in the second experiment (Tables 1 and 2 ). Based on all density-response data available over a 5-yr period, a total of 370 pedigree-environment combinations were available. All pedigrees were planted at multiple planting densities, ranging from 2.2 to 12.9 plants m -2 , depending on the year of the experiment (Table 4) . obtained from one of four different recurrent selection programs initiated in the Iowa Stiff Stalk Synthetic (BSSS) population (Table 3 ). In addition to synthetics and synthetic derived entries, three inbred lines, Mo17, B73, and B97 were included. Inbred line Mo17 was grown at all locations in 2011, B73 at all locations in 2011 and 2012, and B97 at all locations in 2010, 2011, and 2012 . The data set in this study was the result of two experiments with treatments that changed across Table 2 . Number of locations in which population crosses and population crosses self-pollinated were grown in each year. The first population listed in each cross was used as female. Column heading 'reciprocals' indicates number of locations in which the reciprocal of the cross (first population listed used as male) was grown. Column heading 'Crosses selfed' indicates number of locations in which an entry derived from bulk self-pollination of the population was grown. Seventeen cycles of reciprocal recurrent selection with BSSS(R) population Penny and Eberhart (1971) ; Eberhart et al. (1973) ; Keeratinijakal and Lamkey (1993) (Brekke et al., 2011a (Brekke et al., , 2011b (Table 4 ). The second experiment was an evaluation of synthetic ´ synthetic crosses and synthetic ´ inbred line crosses that was evaluated from 2009 to 2012 (Table 4) , though with different treatments and design parameters across years to accommodate changes in knowledge over time during this research. Experimental details for the two experiments by year are summarized in Tables 1, 2 , and 4. Both experiments were designed as split-plot experiments to minimize border effects between plots due to differences in competition with variation in density and pedigree. In all years except 2012, densities were the whole plot factor and pedigrees were the subplot factor. In 2012, pedigrees were the whole plot factor because of more variation in vigor among pedigrees in the 2012 experiment. Subplots contained four rows spaced 0.76 m apart with the center two rows of the subplot used for data collection and the outer plot rows used as border. Subplots were 5.49 m long in 2008 through 2010 and 6.10 m long in 2011 and 2012 (from center-of-alley to center-of-alley) with alley widths of approximately 0.9 m. In 2011, each density whole plot was divided into eight incomplete blocks with five subplots. With six density treatments, there were a total of 48 incomplete blocks which were randomized throughout the experiment within a location to reduce confounding of average density response with spatial patterns in the field. Due to some variation in seed quantity and a desire for more precision on parents of multiple crosses, a small number of pedigrees were replicated twice within some or all replicate blocks to generate designs with square blocks.
Plot Technique and Data Collection
Plots were planted with a precision belt-cone plot planter. Number of plants per plot was counted for all plots prior to flowering and converted to plants m -2 . The center two rows of each four-row plot were harvested with a New Holland TR-88 combine modified for automatic data acquisition (Almaco Company, Nevada, IA). Plot yields were converted to Mg ha -1 at a constant 155 g H 2 O kg -1 dry grain weight.
Data Analysis
Data for the synthetic experiment grown in 2008 and 2009 were analyzed previously and outliers removed according to procedures described in Brekke et al. (2011a Brekke et al. ( , 2011b . A low frequency of plots in the cross experiment had biased moisture readings due to low volume of harvested grain. To avoid biasing results by omitting low-yield plots, a logistic model was used to adjust grain moisture for low weight plots. The scale and frequency of adjustments were relatively small as the adjustment factor was less than 1.15 for 90% of plots. Following correction of grain moisture values for lowweight plots and conversion of plot weights to constant grain moisture, a mixed linear model was fit for detection of outliers:
in which y ijklm is the observed grain yield for the experimental unit in environment Following removal of outliers, a Bayesian hierarchical model was fit in which observed grain yield for an experimental unit in environment i, pedigree j, density l, with inbreeding level k and in incomplete block m was a normally distributed random variable according to
with
, and b m defined as in the mixed linear model used for outlier detection. Prior distributions and definitions of parameters in the Bayesian hierarchical model are listed in Table 5 . Prior distributions on the highest level hyper parameters were chosen to be noninformative such that hyper parameters for inbreeding-dependent means,
2 , and expected log-variances b 0 and r 0 were estimated from the data. Priors on remaining parameters had informative priors, but conditional on hyper parameters estimated from the data in this study with no external data used to determine priors. Variances of block effects and the variance of observations had heteroscedastic prior structures in which block variances differed among environments and the variance of observations (conditional on other parameters) varied among environments and pedigrees. Variances of blocks and observations had hierarchical prior structures based on a common variance parameterized through average logarithms of the variances, b 0 and r 0 , with random normally distributed deviations from the common logarithm of the variance, b 1i , for the effect of environment on block variance, r 1i for the effect of environment on variance of the data, and b 2j for the effect of pedigree on variance of the data. Under this hierarchical structure, environment-and pedigree-specific variances are weighted compromises between a common variance and individual-level variances with the weighting proportional to relative precision on pooled versus level-specific variances. Edwards and Jannink (2006) provide a detailed discussion of the implications of compromise estimators of heteroscedastic variances.
the variance of block effects (s b1
2 ) in which case a small autocorrelation was observed up to a lag of five samples (relative to a chain length of 5000 samples).
Posterior distributions of variances were summarized by reporting the 10th, 50th, and 90th percentiles of standard deviations (square roots of variances) from 10,000 random samples from the posterior distributions. Relative contributions of genetic variance and G ´ E variances were summarized for intercept, linear, and quadratic coefficients by computing the ratio of genetic variance to genetic variance plus
-1 for p = 0,1, and 2 for each of the 10,000 posterior samples and subsequently summarizing 10th, 50th, and 90th percentiles of the ratios computed in individual posterior samples.
Mean values for intercepts, linear, and quadratic coefficients were computed from the 10,000 posterior samples and subsequently multiplied by plant density values from 2.5 to 10.0 plants m -2 to generate estimated plant density response curves. Model parameters included in the averaging were chosen to represent the desired level of averaging, i.e., to show average responses by pedigree, by environment, or by the pedigree ´ environment combination. In all cases, the inference space of average density responses was for a sample of pedigrees or environments considered to be exchangeable with the environments and pedigrees in this study. Average plant density response by year was computed by averaging across locations within each year of the 5-yr study, in which case the inference Posterior distributions of parameters were generated by Markov-Chain Monte Carlo (MCMC) simulation using OpenBugs software with default settings (Lunn et al., 2009 ). OpenBugs uses Gibbs sampling for nodes with conjugate priors and resampling methods with nonconjugate priors (Lunn et al., 2000 (Lunn et al., , 2009 . After initiating sampling, chains were inspected visually for mixing and autocorrelations were checked. Initial models contained half-Cauchy priors for all variances as recommended by Gelman (2006) based on a tendency of the commonly recommended Inverse Gamma prior to be overly informative. Following inspection of MCMC chains, Inverse Gamma priors on variances were restored to improve mixing and reduce autocorrelations with one exception. The half-Cauchy prior was maintained for s b1 2 because it had few levels (17) and was relatively small in value, two primary factors that can cause poor results with the Inverse Gamma prior (Gelman, 2006) . Overall mixing and autocorrelations within chains was greatly improved following substitution of Inverse Gamma priors.
Final generation of posterior distributions was based on a model run with 2 independent chains with 5 ´ 10 5 burnin samples followed by 2.5 ´ 10 6 samples from which every 500th sample was saved to generate 10,000 samples from the posterior. Convergence of chains was checked with the Gelman-Rubin convergence diagnostic. Autocorrelations were checked in the 10,000 posterior samples that were retained and were very nearly zero at a lag of three for all parameters except the underlying hyper parameters with the half-Cauchy prior on space was specific to the specific locations within those years because of inclusion of location effect parameters (a ki(p) ) within each of the five years. Optimum plant density, defined as the plant density at which maximum predicted grain yield occurs, was obtained by setting the derivative of the plant density response curve equal to zero to obtain optimum plant density = -0.5f (1) f (2)
where f (p) represents any of the model parameters parameterized with powers of the density covariate (m k(p) , a i(p) , g j(p) , d ij(p) ). Optimum plant density was computed for each of the 10,000 posterior samples at the desired level of averaging (environment, pedigree, or genotype-pedigree combination) by inclusion of the appropriate parameters. Percentiles 10, 50, and 90 of optimum plant density were then summarized from the 10,000 posterior samples.
RESULTS AND DISCUSSION
The pooled error standard deviation across the entire data set was 0.825 (Table 6 ), which is comparable to the average error standard deviation of 0.764 across eleven years of data in the Iowa Crop Performance Test for Corn reported by So and Edwards (2009) suggesting that the precision in these data were comparable to published hybrid yield trial data even though factors such as the heterogeneous nature of the populations evaluated and the range of plant densities could affect data precision. The median of the posterior distribution of the proportion of total genetic variance accounted for by genetic main effects was 0.74 for linear coefficients and 0.61 for quadratic coefficients (Table 6) . Conversely, the proportion of total genetic variance explained by G ´ E was 0.26 for linear coefficients and 0.39 for quadratic coefficients. Based on the bottom 10th percentile of posterior distributions of variance components, there is a probability of 0.9 that the proportion of total genetic variance attributable to G ´ E was greater than 0.19 for linear coefficients and 0.26 for quadratic coefficients (Table 6 ). The upper 10th percentile of the posterior of proportion of genetic variance attributable to G ´ E was 0.36 for linear coefficients and 0.54 for quadratic coefficients, respectively. In contrast to public maize literature in which G ´ E for plant density response has been undetectable in some cases and apparently of little importance in others, there was a 90% probability that G ´ E accounts for at least 19% and 26% of total genetic variance in linear and quadratic response coefficients, with 10% probability that these percentages are above 36% and 54%, respectively. Whereas apparent lack of G ´ E effects in past studies could have many causes, precision on estimators of G ´ E is likely an important factor, particularly due to relatively few environments. This study included 17 environments across a 5-yr period providing greater precision on variances of interactions. In comparison with the work by Brekke et al. (2011a Brekke et al. ( , 2011b in particular, similarity of environments may also be a factor. The two years of study in Brekke et al. (2011a Brekke et al. ( , 2011b had fairly similar density response patterns when compared with the wider variation in density responses observed in 2010 through 2012 (Fig. 1) . If a limited number of environments are observed, one may randomly sample quite different environments or very similar environments. Estimation methods may play some role because previous studies were based exclusively on frequentist hypothesis tests and Bayes methods were used in the present study. Bayes methods are not necessarily more powerful, but the model used in the present study did contain several features not used in previous studies which could have some impact on ability to quantify interactions. Despite this possibility, it appears from the data that similarity of environment between 2008 and 2009 as compared with later years was probably the major cause of differences in outcomes of this study over five years versus only the two years of data in Brekke et al. (2011a Brekke et al. ( , 2011b . The combination of environments and pedigrees evaluated in this study encompassed a broad range of plant density responses (Fig. 1-3) . Posterior mean density response curves shown in Figures 1 to 3 provide straightforward summaries of grain yield versus density, but do not show full posterior distributions of the responses, and as such, do not indicate any level of uncertainty in the response curves. Full posterior distributions for linear and quadratic regression coefficients can be summarized in terms of the variances of the coefficients among environments, pedigrees, and environment-pedigree combinations along with Bayesian support intervals of the variances (Table 6 ). However, while the estimators and intervals on the variance parameters provide estimators of variation in response curves and uncertainty of the estimators, interpreting coefficient estimators is much more difficult in any meaningful way than examining actual response curves. Optimal plant density, defined as the density at which grain yield is maximum, provides a meaningful univariate summary statistic for which uncertainty can be represented much more easily than for the full density response curve (Fig. 4 and 5) . Estimated optimal plant density (based on median of the posterior) varied from 5.6 to 9.1 plants m -2 (Fig. 4) with most environments containing surprisingly narrow support intervals in comparison with wide average response curves by year and environment ( Fig. 1-3 ). Five environments with upper 10th percentile posterior optimal density >11 plants m -2 had exceptionally wide intervals compared with other environments. The largest support intervals occurred for those environments in which optimal density estimates were closest to the maximum planting density in the study. For those cases, the optimal density was close to the edge of the range of the quadratic regression curves making the maximum point of the quadratic curve difficult to estimate with high precision. Differences among density responses create a potential challenge for multienvironment yield trials because relative differences among pedigrees are highly dependent on plant density (Fig. 1-3 ). The present study contains four populations in particular that illustrate the effect of plant density on comparisons among pedigrees. The synthetic populations BSSS and BSCB1 were formed in the 1930s and 1940s from first cycle inbreds (Table 3 ) and as such are not adapted to high plant density. These populations were improved by 17 cycles of reciprocal recurrent selection resulting in BSSS(R)C17 and BSCB1(R)C17 populations. At densities <4 plants m -2 , the ancestral populations (BSSS and BSCB1) are higher yielding than the improved versions following 17 cycles of selection (Fig. 3) . However, at the highest densities in the study, the improved populations were lower yielding than the unimproved populations (Fig. 3) . If all pedigrees are planted at the same density at every environment, relative differences among pedigrees will vary among environments because of the variation in average density responses among environments (Fig. 1, 2 , and 4). The effect of plant density on comparisons among pedigrees is exacerbated by a G ´ E effect for the density response (Fig. 3, 5, and 6 ). In the example of the BSSS and BSCB1 reciprocal recurrent selection program included in this study, the population crosses between BSSS and BSCB1 in cycle zero and cycle 17 provide a good illustration of a G ´ E for density responses (Fig. 3 and 5 ). In the Carroll location for years 2010 through 2012, the cycle zero and cycle 17 crosses are nearly identical in grain yield at very low density in 2010 and 2011, but differ by ~1 Mg ha -1 in 2012. At high density, they differ by ~3 Mg ha -1 in all 3 yr. Differences among populations per se were more consistent across years at low density, whereas at high density large differences were observed in 2011 and only small differences in 2012. Differences among optimal plant densities for the Carroll location in 2010, 2011, and 2012 are shown in Figure 5 . In 2012, cycle zero and cycle 17 populations and population crosses had very similar optimal plant density, but in the other 2 yr, the cycle 17 populations and population crosses had optimal plant densities that exceeded cycle zero from 0.9 to 4.2 plants m -2 . Optimal plant density provided a very good univariate representation of G ´ E for density response (Fig. 6) . The BSSS population was also improved by 12 cycles of half-sib selection resulting in the BS13(HI)C5 population (2010). Optimal density was examined for two improved populations per se and three population crosses with improved populations in Figure 6 .
In the absence of pedigree ´ environment interactions for plant density response, it would be possible to estimate density responses for a group of pedigrees in a single environment and utilize relative differences in optimal density to interpret results from multienvironment trials (in lack of interaction, relative differences in optimal density would be consistent across environments). However, the results of this study demonstrated that despite the lack of interaction found in numerous prior studies, pedigree ´ environment interaction was quite important (Fig. 3, 5 , and 6). The strong interaction observed between optimal density and environment (Fig. 3, 5 , and 6) resulted in a dependency ) for 17 environments by year and location. Optimum plant density is the plant density at which maximum grain yield occurs, estimated as -0.5f (1) f (2) -1 where f (1) and f (2) are the linear and quadratic components of the estimated plant density response curve. Percentiles 10, 50, and 90 of the Bayesian posterior of optimal density are shown on the plot. (a) Data based on an average density response across all pedigrees within each environment, and (b) Data based on an average over three pedigrees that were grown in every environment (BSSS, BS13(HI)C5, and BSSS(R)C17.
between G ´ E and plant density. For example, BSSS(R) C17 ´ BSCB1(R)C17 population cross had approximately 3 Mg ha -1 higher grain yield than BSSS ´ BSCB1 at 10 plants m -2 at the Carroll location in 2010, 2011, and 2012, but at low density (2.5 plants m -2 ) the two had nearly equivalent grain yields in 2010 and 2011 but a difference of ~1 Mgha -1 in 2012 (Fig. 3) . The Stiff Stalk populations per se, BSSS and BSSS(R)C17 also provided an example of density ´ environment interactions. The selected population, BSSS(R)C17 had grain yield of over 2 Mg ha -1 greater than BSSS at 10 plants m -2 in the 2010 and 2011 Carroll environments but less than 1 Mg ha -1 greater in the 2012 Carroll environment whereas at the lowest plotted density of 2.5 plants m -2 , BSSS(R)C17 grain yield was 1.5 Mg ha -1 less than BSSS in 2011 and 2012 versus about 1.0 Mg ha -1 less in 2010 (Fig. 3) . Because of the specificity of density responses to both environment and genotype, comparisons among pedigrees depend strongly on both the environment in which they are evaluated and the specific plant density at which they are grown. These results show that it is difficult to choose a single plant density such that all comparisons are made in a similar region of the density response curve across pedigrees. If different physiological factors are important in different regions of the plant density response curve, selection for grain yield at constant density across environments would be for different physiological traits in different environments.
The germplasm evaluated may represent a weakness in comparing these results to commercial breeding programs. The germplasm evaluated covered a wide range in adaptation to high plant density (Brekke et al., 2011a (Brekke et al., , 2011b . In addition, many of the populations evaluated had observed grain yields much lower than commercial hybrids. Furthermore, this study contained primarily synthetic populations such that a single population cross in this study could be considered an estimator of average density response for a single heterotic pattern in a maize breeding program. For example, the BSSS(R)C17 ´ BSCB1(R)C17 population provides an estimate of the average density response for the 17th cycle of reciprocal recurrent selection. The combination of wide range of density adaptation, low yield level, and heterogeneous nature of populations may all result in somewhat different results than would be observed with elite modern maize hybrids. Although data are not available on the scale of the present study to speculate on how G ´ E will affect plant density response curves in modern elite hybrids, the present study suggests additional work should be conducted to address that question. Additional work is planned for the data set in the present study to model G ´ E using climatic and environmental information in addition to phenotypic knowledge of the populations from other studies (Brekke et al., 2011a (Brekke et al., , 2011b Edwards, 2010) in a modeling framework. Even if the G ´ E does not affect plant density response curves in modern hybrids to the extent observed in the present study, the data described here will provide an invaluable resource for future work to better understand how plant density response curves are affected by G ´ E. Typical breeding programs do not have the resources to grow all materials at several plant densities in all environments. If the strength of G ´ E for density response observed in this study is also observed in modern hybrids, some recommendations can be made to reduce confounding effects of plant density in light of the potential for G ´ E for density response. As a demonstration that the strength of interaction may be less in more similar types of pedigrees, the interactions for optimal density in Figure 6 showed three apparent patterns for five pedigrees. Two of the pedigrees were populations per se, BSSS(R)C17 and BSCB1(R)C17, which had a very similar pattern of interaction, and were both derived from 17 cycles of reciprocal recurrent selection with each other (Brekke et al., 2011a (Brekke et al., , 2011b Keeratinijakal and Lamkey, 1993) . A second interaction pattern could be recognized in the two population crosses with BS13(HI)C5 as a parent, BS13(HI)C5 being the only population or parent in the pedigrees in Fig. 6 that was not derived from the BSSS ´ BSCB1 reciprocal recurrent selection program. A third pattern was observed for BSSS(R)C17 ´ BSCB1(R)C17, the population cross resulting from 17 cycles of reciprocal recurrent selection. A particularly strong interaction can be observed at the 2011 Keystone location, which had the highest median posterior optimum density in the study (Fig. 4) . At this location, populations per se BSSS(R) C17 and BSCB1(R)C17 had the largest optimal density of the five pedigrees shown in Figure 6 whereas in other environments, the populations per se were more similar to the remaining populations with the possible exception ) for five pedigrees in six environments for grain yield.
of the Carroll location in 2011. The variation in interactions among pedigrees combined with close similarity of interaction pattern based on relationship of pedigrees illustrates that the strength of pedigree ´ environment interaction in this study increased with increasing genetic variation. The greater the genetic variation among a set of genotypes, the more important G ´ E effects could be for plant density responses.
Whereas estimating plant density response for every pedigree of interest in every environment of interest is almost certainly cost prohibitive, a few simple recommendations can be made to manage variation in density responses in maize breeding research. First, plant densities can be chosen so that most genotypes will be at or above optimal density in as many environments as possible without choosing densities that are so high that root and stalk lodging result in poor-quality data. Second, to find appropriate densities, this study demonstrates that breeders need to know average density response patterns in their germplasm in the environments in which they test, including the strength of G ´ E for density response. Evaluating a small pool of representative hybrids at multiple densities across environments would help greatly to assure that plant densities are chosen such that most or all comparisons are made at or above optimum plant density. Third, a density response curve for each testing environment (from a subset of hybrids evaluated at multiple densities in the environment) would provide an indication of whether observed planting density in the environment was close to optimum, below optimum, or above optimal density to aid in the interpretation of results. Whatever recommendations may or may not be implemented, the most important lesson from a study such as this one is an awareness of the impact of plant density in comparisons between genotypes in maize multienvironment trials. Discarding data from plots with low stands or adjusting for stand differences in some way are very likely to be insufficient adjustments. Even with uniform stand densities within environments, differences in density response curves can result in decisions that may not translate to selection of the highest yielding genotypes in future high density environments.
